In this paper, I try to complement the existing literature by empirically examining the effect of price clustering and price barriers based on the international stock market. Evidence suggests that a strong effect of clustering and barriers is observed on last digit 0. Such effect is not robust and persistent on last digit 5. In addition, the cross-country analysis shows that price clustering and barriers become intensified in countries with a more transparent and open environment.
Introduction
In financial markets, the presence of seemingly number-induced effect gives rise to price clustering and barriers. While price clustering is the concentration of stock prices on some number rather than others (Brown & Mitchell, 2008) , price barriers regard some numbers as support or resistance levels (Cai et al., 2007) . Individual investors show a great deal of interests to this phenomenon in the stock market over recent years. For example, the phrase of "supporting level", "resistant level", and "psychological barrier" is always seen in the contemporary financial press. The primary aim of the current paper tries to extend previous studies by seeking comprehensive evidence of price clustering and barriers in the international context. Moreover, I further explore the determinants of price clustering and barriers across different countries.
Prior research documents the presence of price clustering with regard to the last digit for the Dow-Jones index (Donaldson and Kim, 1993; Lev and Varian, 1994) . Later, Koedijk and Stork (1994) extent the test from the US market to five stock markets. In addition, the test is also performed for the existence of price barriers by calculating unequal passing values of predetermined digits. Based on the observation, this literature implies that price clustering and barriers coexist in the market.
At the first glance, price clustering and barriers seem to be inconsistent with the efficient market hypothesis (Donaldson, 1990; Aitken et al., 1996) and the perception of uniform value in prices (Niederhoffer, 1965; De Grauwe and Decupere, 1992) . Mitchell and Izan (2001) provide a detailed overview on the evidence of price clustering and barriers in various stock markets. By the same token, this phenomenon is further explored to currency markets (Goodhart and Curcio, 1991; Sopranzetti and Datar, 2002) , derivatives markets (Gwilym et al., 1998) , commodity markets (Grossman et al., 1997) , bank deposit rates (Kahn et al., 1999) , and IPO markets (Kandel et al., 2001 ).
The focus on the global market is driven by three considerations. First, such comprehensive study on price clustering and barriers in the global market is scarce because previous work merely selects several markets. Second, clustering in individual markets can be directly compared and analyzed. Finally, different characteristics such as culture, country governance, investor protection, information environment, stock market feature, and macroeconomic condition, can be employed to explain the variation in price clustering and barriers.
My results suggest a higher propensity for clustering on ending digit 0 in individual markets. Moreover, the last digit 0 is also found to be a significant resistant point for the global market.
On the global level, there is evidence for price clustering and barriers on ending digit 5, but this conclusion fails to retain valid and consistent for several countries. Last, the country-level regression analysis indicates that culture, investor protection, information environment, and stock market feature can explain price clustering and barriers to some extent.
The article is organized as follows. In the next section, I review the literature of why price clustering and barriers may be present in financial markets and anecdotal. Section 3 describes the data selection, variable identification, and measurement of price clustering and barriers. Empirical results are summarized in Section 4. The final section presents the conclusion.
Literature review

Rationale behind clustering and price barriers
If the party involved in the trading is well-informed price setters, a widespread number preference such as price clustering and barriers should not be observed. In order to explore why prices clustering and barriers occur, various work develops different arguments to explain this price behavior, such as process of number development (Mitchell, 2001) , behavior theory (Brown & Mitchell, 2008) , rational economic incentive (Sugden, 1995) , implicit collusion and contractual agreement (Christie et al., 1994) , and cultural factors (Brown & Mitchell, 2008) . Specifically, price clustering and barriers arise from four diverse sources.
First, price clustering and barriers is due to the adoption of the decimal place-value system. Mitchell (2001) argues that individuals tend to apply the numerousness concept to the decisionmaking process. Similarly, marketing work (Tversky and Kahneman, 1973; Dehaene and Mehler, 1992; Palmon et al., 2004) shows that round numbers ending in 0 are more cognitive accessible and identified for consumers. In addition to this symbolism, Thaler (1992) even show that cultural factors may drive some form of basic number preference.
Second source of price clustering and barriers is attributable to behavioral reasons. In comparison to precise approximations, human would provide rough estimates by means of simple heuristics. Doing so can allow individuals to simplify the complex external information to achieve a quicker decision (Preece, 1981; Tversky and Kahneman, 1973) .
Economic explanation may be another rationale behind clustering and barriers. Following the focal point work (Schelling, 1960; Sugden, 1995) , individual would use numbers that are easily recognized and readily discernible to speed up the decision-making process. In this sense, people may operate in a sphere of haziness regarding the value of items (Loomes, 1988) . As a result, clustering behavior arises to mitigate this uncertainty.
Final justification for price clustering and barriers is from a natural order of the data series. More specifically, the number progression or the form of the number itself causes price clustering and barriers (Mitchell, 2001) .
Empirical evidence on price clustering and price barriers
Due to human bias and imprecise recognition, market participants are inclined to settle on some numbers ending in 0 in the trading process. Osborne (1962) calls this phenomenon as price clustering on the New York Stock Exchange. Harris (1991) documents the pervasiveness of stock prices over mid-nineteenth to late twentieth century. Furthermore, Aitken et al. (1996) , Grossman et al. (1997) , and Hameed & Terry (1998) observe a similar phenomenon in Australia, Singapore, and London, respectively. Recently, Brown et al. (2002) extend this research by investigating six Asia-Pacific stock markets.
Another strand of literature demonstrates the presence of price barriers on stock prices. Previous work regarding price barriers focuses on stock indices. Donaldson and Kim (1993) show that round numbers are always viewed as support or resistance levels for the Dow Jones Industrial Average. Ley and Varian (1994) also draw similar conclusion. Later, Koedijk & Stork (1994) further extend the market from US to other international markets and find that round numbers of stock indices function as strong support or resistance levels in the Belgium, Germany, Japan, and UK markets. This effect is also detected on individual stock prices (Cai et al., 2007) . To the best of my knowledge, there is no study to test price clustering and barriers around the world. In addition, the present paper setting allows me to explain price clustering and barriers by means of some important cross-country factors suggested by previous literature.
Data and measurement
Data selection
In order to test price clustering and price barriers, I manually collect the closing price (P, expressed in local currency) for each stocks from Datastream. My primary data sample comprises the trades of the common stock from major exchanges, which the majority of stocks in that country are listed. By doing so, I can obtain a maximum breadth to mitigate sample selection bias in each country. 
Variable measurement
In accordance to Cai et al. (2007) , I measure price clustering based on the observed frequency of each digits for each stock. Specifically, it can be calculated as follows:
where N j,i is the number of closing prices whose ending digit is i for stock j.
As suggested by Cai et al. (2007) , the major difference between price clustering and barriers is the direction of price movement. In order to gauge price barriers, I firstly classify paths of daily closing price movements into up-up (UU), up-down (UD), down-up (DU), and down-down (DD). For stock j, if the closing price at day t+1 is greater that at day t and the closing price at day t+2 is greater that at day t+1, the path of price movement would be assigned to the category of UU. After paths are categorized, price barriers can be measured by the relative statistics of the four movements for each digit.
First, for stock j, the number of each type of paths (N j,i,path ) is counted for digit i. Then, the frequency of each type of price movements for each digit is defined by the number of a specific path over the total number of paths of this digit.
where N j,i,path, is the number of a specific price movement (e.g. UU, UD, DU, DD) for digit i of stock j.
Then, I employ the following ratio between the reverses (UD and DU) and the crosses (UU and DD) to capture the effect of price barriers.
where F j,i,UD is the frequency of up-down movements for digit i of stock j, F j,i,DU is the frequency of down-up movements for digit i of stock j, F j,i,UU is the frequency of up-up movements for digit i of stock j, and F j,i,DD is the frequency of down-down movements for digit i of stock j. Whether PB is smaller or greater than 1 can be used to evaluate the extent of price barrier/resistance. Concretely, if PB for any digit is larger than 1, price with this ending digit would be treated as strong barriers.
4.
Empirical results
Evidence on prices clustering and price barriers
In the absence of price clustering, the expected frequency of the last digit of closing prices should follow a uniform distribution. The price clustering measure (PC) from 0 to 9 is reported in Table 1 for 68 markets. If looking at the results of individual countries, I fail to find a uniform distribution of last digits. Instead, closing prices in each country most tend to cluster at 0 as their ending digits, while the second highest frequency falls on the ending digit of 5. Overall, as seen in the last row of Table 1 , nearly 31.4% and 12.0% of 1,929,296 closing prices end with 0 and 5, respectively. However, some PC measures for 5 are not significantly larger than 0.1. Compared to the clustering effect on 0 and 5, other last digits are less frequently observed. My empirical findings appear to be in line with prior literature (Aitken et al., 1996; Grossman et al., 1997; Hameed & Terry, 1998; Brown et al., 2002) , indicating a market tendency for prices to cluster at round numbers such as 0. The analysis of price barriers for each digit relies on comparisons of price movements between reverses and crosses. The PB ratio developed in the above section is the key statistic to examine the degree of the resistance level based on specific digits. Similarly, Table 2 summarizes the result for such analysis arranged by different countries. With regard to each market, digit 0 has a PB ratio that is significantly greater than 1 from the statistical perspective, implying that closing prices ending in 0 are viewed as a strong resistance level in every country. It is true if taking the global market as a whole. In a nutshell, when approaching digit 0, closing prices are more likely to reverse than to cross this price level. This is consistent with Cai et al. (2007) . In addition, there is little evidence for 5 to serve as a resistance point, because most PB ratios for 5 are insignificant and even less than 1. and the reverses to crosses ratio for daily closing prices on each last digit. First, the frequency measures are calculated for four different price movement patterns for each digit (Up-Up, UU; Up-Down, UD; Down-Up, DU; Down-Down, DD). Then the PB ratio is defined as the frequency of reverses (UD+DU) over that of crosses (UU+DD) , and * denote significance at the 1%, 5%, and 10% level.
To check the robustness of my result, I need to take into account of the regulation of tick size on individual exchanges in each country. As shown in Table 3 , tick size varies within different price ranges across some markets. But tick size would not contaminate my finding in Table 1 and 2 for 34 countries including Bangladesh, Brazil, Bulgaria, Chile, China, Czech, Ecuador, Egypt, Estonia, Finland, Hungary, Ireland, Israel, Jordan, Kazakhstan, Kenya, Kuwait, Lithuania, New Zealand, Oman, Pakistan, Qatar, Russia, Serbia, Slovakia, Slovenia, South Africa, Sri Lanka, Ukraine, U.K., U.S., Venezuela, Vietnam, and Zimbabwe. As for other countries, I repeat the same analysis on the subsample which satisfies the following criteria: tick size over the price range allows me to examine price clustering and barriers at each integer from 0 to 9. Taking Hong Kong as an example, I construct the subsamples with prices ranging 0-0.250, 0.51-10.00, 100.01-200.00, and 1000.01-2000.00. The results on subsamples yield similar conclusion as Table 1 and 2. 
Determinants of prices clustering and barriers
Next, to explain the variation of price clustering and barriers among different countries, I perform cross-sectional regressions involving a rich set of variables that could potentially impact price clustering and barriers. Country-level variables are chosen from many sources that have been used in the prior international literature. Specifically, six groups of variables are considered: culture, country governance, investor protection, information environment, stock market feature, and macroeconomic condition. In the following analysis, I first briefly introduce my choice of independent variables and then proceed with univariate regressions as follow:
Where PC i (PB i ) is the effect of price clustering (barriers), X i represents a series of cross-country independent variables.
To measure culture values, I obtain data on Power Distance Index (PDI), Individualism (IDV), Masculinity (MAS), and Uncertainty Avoidance Index (UAI) that are theoretically relevant to investors' behavior from Griffin et al. (2009) . I also collect data on the percentage of the population of each country that belonged to Roman Catholic (Catho), Muslim (Muslim), and Protestant (Protmg) religion in 1980 from LaPorta et al. (2006) . Inspired by the findings of Ferreira and Matos (2008) , a dummy (Language) to capture whether English is the official language is investigated as well.
Following the World Governance Indicators dataset produced by Kaufmann et al. (2006) , I include six aggregate measures of governance quality and see their impact on the return differentials, namely voice and accountability (VA), political stability and absence of violence (PV), governance effectiveness (GE), regulatory quality (RQ), rule of law (RL), and control of corruption (CC).
To proxy for investor protection in each country, a set of measures are used. The anti-selfdealing index (IP) which gauges the legal protection of minority shareholders against expropriation by corporate insiders is taken from Djankov et al. (2008) . Another measure (SL) is constructed by taking average of the disclosure requirements index, the liability standard index, and the public enforcement index, all of which are retrieved from LaPorta et al. (2006) . Extent_IT is taken from LaPorta et al. (2006) to measure the extent of insider trading in individual country's stock markets. Two dummy variables (SS_F and PO_E) from Charoenrook and Daouk (2009) are also included to capture whether short selling or put option trading is allowed. Following LaPorta et al. (2006) , Legal is used to reflect the effect of English legal origin.
To characterize the information environment, I select CIFAR index (Cifar), disclosure extent (Discl), and media development (Media) from Bushman et al. (2004) . Another measurement is daily newspaper in circulation (News) from WDI database.
In terms of stock market feature, the data on the size of equity mutual fund (Ind_GDP) is taken from Khorana et al. (2005) to control for ownership structure. I collect the time length of exchange establishment (Estb) and the adoption of electronic system (Elec) from Jain (2005) . As a proxy for the market efficiency, I obtain data on the analyst coverage (Analyst) and on the price efficiency (Delay) in different countries from Griffin et al. (2010) . In addition, I involve the data on the price to earnings ratio (PE) from Bekaert et al. (2007) . The last two are retrieved from Lane & Milesi-Ferretti (2007) to control for stock market liberalization.
Finally I include the following seven control variables to proxy for macroeconomic condition: the bank credit (Credit), the market capitalization (MCR), the dummy to denote developed/emerging economies (DEI), the gross domestic product (GDP), the global competitive index (GCI), the surface area (Size), and the measure of the intensity of capital account liberalization (TD_Open). Table 4 gives an overview of the definitions and sources of the above variables. Since the clustering and barriers effects are only robust and persistent on ending digit 0, I take the PC and PB ratios for 0 as the dependent variables. The estimation results of univariate regressions are presented in Table 4 as well. The finding indicates that both price clustering and barriers for last digit 0 are associated with extent of insider trading, disclosure level, and capital account liberation, respectively. This suggests that a more transparent and open environment should encourage the clustering and barriers effect. In addition, price barriers seem to be related to more potential variables than price clustering, especially for country governance and macroeconomic condition.
Conclusion
The purpose of this paper is to investigate price clustering and barriers and explore their determinants across 68 countries. My findings clearly indicate a higher propensity to cluster and resist on last digit 0. Even though such effects are also detected on last digit 5, the result is not robust and persistent. After conducting the regression analysis on price clustering and barriers, I find that this phenomenon is more conspicuous and stronger in countries with timely disclosure and effective dissemination of information.
